Introduction
Mental health disorders in children and adolescents are growing worldwide, and statistics reveal that 10-20% children and adolescents are having mental health problems globally (Kieling et al. 2011) . About half of all lifetime mental disorders appear by the age of 14 years (Kessler et al. 2007 ). In Australia, mental health has been listed as one of the nine health priorities and almost 14% of Australian children and adolescents aged 4-17 experienced significant mental health disorders in 2012-2013 (Lawrence et al. 2015) . Mental health disorders are responsible for a large portion of the burden of diseases in all societies (Patel et al. 2007) . A study by AIHW (2016) showed that mental disorders account for 36% of disease among younger people (aged 15-44), which is double the impact of injuries and five times that of cancer.
Childhood has recently gained renewed focus from researchers and policy makers as Heckman and colleagues (Heckman 2006; Cunha et al. 2010) found that childhood outcomes are strong predictors of future educational achievements and labour market success. They also established that any investment in childhood is more effective than investment made in later stages of life and it has multiplier effects on future outcomes. Moreover, returns to investment in non-cognitive skills is found to be higher than cognitive skills (Cunha et al. 2010; Johnston et al. 2014a ). The main concern about childhood mental disorders is that it may affect a child's human capital accumulation by limiting the amount and quality of schooling a child receives. Thus, it has the potential to influence a wide range of life outcomes such as future education, employment prospect, income and adult health (Eisenberg et al. 2009 ). Thus, the consequences of mental health disorders in children and adolescents are far-reaching and extend beyond the individual child by impacting on families, communities, taxpayers and ultimately on the economy. This paper investigates the effects of childhood mental disorders on their educational outcomes using data from a comprehensive longitudinal survey: the LSAC. Mental disorders of children are measured by Strengths and Difficulties Questionnaire (SDQ) scores in this paper, while educational outcomes are measured by the Peabody Picture Vocabulary Test (PPVT), Matrix Reasoning (MR), and the NAPLAN tests for reading, writing, spelling, grammar and numeracy tests. The challenge associated with this type of study is that child health and educational choices may be determined simultaneously and are influenced by the choice made by the parents and children. Therefore, a strong association between these two might not necessarily reflect causal effects, as low educational outcomes can be explained by confounders such as income, parental education, parenting, school type, child's physical health, which might also be related with mental health. Exploiting the richness of the LSAC data, we are able to control for these important confounders in our paper. Most importantly, we consider the commutative effects of knowledge (Heckman 2006; Khanam and Nghiem 2016) by controlling for the educational outcomes in the previous period in the model. Finally, we mitigate the effects of unobserved individual characteristics by controlling a comprehensive set of observable factors, and by using the system generalised method of moments (GMM) estimator of Arellano and Bover (1995) and the extended random-effects estimator of Mundlak (1978) . Therefore, the results obtained in this paper are close to establishing a causal relationship. A few studies, including Johnston et al. (2014a) and Jurges et al. (2015) used an IV method to find causal relationship between child mental health and educational outcomes. However, finding a proper IV that will affect mental health without affecting a child's education is very challenging in practice. For example, Jurges et al. (2015) used exposure to traumatising events related to the Israeli-Palestinian conflict as instruments for mental health. However, the validity of these types of instruments may be questionable because these events may also affect educational outcomes by limiting school attendance as a result of destruction of school buildings. Johnston et al. (2014a) also used a traumatic event (i.e., 'loss of a friend') as an instrumental variable for mental health. Again, it is hard to argue that traumatic events like these only affect children's mental health and have no effect on educational outcomes. Therefore, one of the main contributions of this paper is to employ a different identification strategy (dynamic specification to test the theory knowledge accumulation by using system GMM).
Literature Review
There is an abundant literature on the effects of childhood mental disorder on educational outcomes. Thus, we focus on reviewing studies that are most relevant to the Australian context (i.e., developed countries) and our choices of methodology (i.e., to address unobserved individual effects using panel data or instrumental variables). Currie and Stabile (2006) is one of the most cited studies examining the effects of mental disorder on educational outcomes. Using data of children aged 4-12 from the USA and Canada, the authors found that Attention Deficit Hyperactivity Disorder (ADHD) has significant negative effects on mathematical and reading test scores, and increases the probability of grade repetition and special education. They also revealed that higher symptoms of ADHD increased the probabilities of grade repetition by 6% in Canada and by 7% in the USA. They controlled for unobserved individual characteristics by using the sibling fixed effects. We argue that sibling fixed effects can control for unobserved characteristics at the household level (such as family traits), and it is only able to control for unobserved individual characteristics among identical twins. Using the National Longitudinal Study of Adolescent Health (Add Health), Fletcher and Wolfe (2008) investigated the determinants of depression and their effects on education attainment using individual, family and neighbourhood characteristics. The authors found that depression in high school children was significantly and negatively associated with educational attainment. Eisenberg et al. (2009) found similar results using a sample of undergraduate and postgraduate students from a university: depression is a significant predictor of lower GPA and higher probability of dropout. This association was strong among students with anxiety disorder and remained robust even after controlling for symptoms of anxiety, eating disorder, prior academic performance, and other covariates. Fletcher (2010) applied sibling fixed effects and found that one standard deviation increase in the depressive syndrome is associated with an increase in the probability of dropping out by 25-30%. Cornaglia et al. (2015) analysed the Longitudinal Survey of Young People in England (LSYPE) and found a strong association between mental distress and poor educational outcome and early dropout. In addition, this association was higher for girls than for boys, in particular for examination scores. The authors applied a school fixed effects model to control for unobserved school characteristics and examined risky behaviours of the adolescents (e.g., consumption of cigarettes, alcohol and cannabis). Their results showed that including these factors in the regression analysis removed the significant association between mental health and examination score for boys. This finding is important in the context that these behaviours play a role in explaining the relationship between mental health and outcomes for boys. Our main critique of this approach is that individual unobserved characteristics remained an issue in a school fixedeffects estimator.
Apart from panel data methods (e.g. fixed-effects estimator), the instrumental variable estimator is also a popular choice used in the literature to address unobserved individual effects. Johnston et al. (2014a) chose the death of a close friend to instrument child mental health and revealed that one SD reduction in child mental health is associated with a reduction in educational attainment by 2-5 months. Jurges et al. (2015) used the exposure to traumatising IsraeliPalestinian political conflicts as instruments of mental health to investigate the impact of mental health on educational outcomes of 4000 students in grade 5-6 in the West bank of Palestine. They found that IV estimator produced larger magnitudes of coefficients compared to those of ordinary least squares (OLS). We argue, although estimation with an IV can be highly effective, practically it is very difficult to find a valid instrument. For example, not all data set have information on the death of a friend or the exposure to a political conflict; if any data set has this information, the number of observation would be very low. In addition, it is difficult to argue that these instrumental variables are correlated with mental health but not correlated with educational outcomes.
Overall, fixed effects and instrumental variable estimators were popular in the literature to address unobserved individual effects. While these methods have advantages, they have some shortfalls: fixed-effects eliminate the ability to control for time-invariant observable characteristics such as sex and ethnicity, and finding a valid instrumental variable is practically challenging. In addition, most previous studies investigated only static associations between mental health and educational outcomes. Therefore, this study will contribute to the literature by examining the dynamic relationship between mental health and educational outcomes.
Conceptual Framework and Empirical Strategy
Our estimation strategy is based on the theory of knowledge accumulation by Heckman (2006) , Cunha and Heckman (2007) , and Cunha et al. (2010) . This theory states that people are born with a stock of ability, which develops over time with educational inputs. Thus, educational outcome in the current period is built from that in the previous period, educational inputs and other factors. This relationship can be represented using a dynamic specification of child educational outcomes as follows:
(1)
where Edu it is a set of the child educational outcomes at the current period; Edu i,t−1 is the outcomes in the previous period; MD it represents mental disorder (our main variable of interest) of child i at time period t; X it is a set of time-varying observable factors; Z i is a set of time-invariant observable variables; η i is an unobservable individual fixedeffects, representing time-invariant taste and productivity shifters; ε it is the random error, and the β s are parameters to be estimated.
Apart from applying the theory of knowledge accumulation, the popularity of dynamic panel data model lies on the assumption that it can control for unobserved heterogeneity better than static models, because lagged dependent variable captures some unobserved characteristics of the child. However, the model would fail to explain the relationship between behavioural problems and educational outcomes if the theory of knowledge accumulation by Cunha and Heckman (2007) is falsified. To the best of our knowledge, no study exists in the literature that falsifies this theory.
The main methodological challenge is to produce reliable estimates on the effects of mental health because there are unobservable individual characteristics (η i ) that affect both mental health and educational outcomes. We address this issue by applying two econometric techniques: the system generalised method of moments (GMM) estimator of Arellano and Bover (1995) and the extended random effects estimator of Mundlak (1978) . Each estimator is described briefly below.
Due to the presence of the outcome and the error term in period t−1, traditional treatments such as taking a firstdifference transformation to eliminate η i does not produce reliable estimates because the differenced error term (ε it −ε it−1 ) still correlates with the differenced lag outcome (Edu i,t−1 −Edu i,t−2 ). Arellano and Bond (1991) suggested that the second-period (or higher) lag of control variables can be used as instrumental variables (IVs) for the first-differenced transformation. However, this estimator, referred to as difference GMM, also eliminates time-invariant observable covariates. Arellano and Bover (1995) proposed a system GMM estimator that uses both the level and the lag of covariates as IVs for endogenous covariates in Eq. (1). A Monte Carlo simulation by Blundell and Bond (1998) showed a substantial improvement of the system GMM estimator compared to the difference GMM estimator.
Mundlak (1978) assumed that the time-invariant unobservable characteristic (η i ) is correlated with the withinindividual means of observable covariates, hence Eq. (1) can be specified as follows:
where − X i is the average of X it across time periods. Equation (2) can be estimated consistently using the standard (2)
random-effects (RE) estimator, and hence it is referred to as the extended RE estimator.
Data and Variables Data
In this study, we use the first five waves of the LSAC, which is a nationally representative survey first conducted in 2004 and then repeated every 2 years until 2018 (Soloff et al. 2005 
Variables

Outcome Variables
To measure child's educational outcomes, we will mainly use (1) reading (2) writing (3) spelling (4) grammar and (5) numeracy tests obtained from the NAPLAN administrator. These tests are standard academic tests administered by the Australian Curriculum, Assessment and Reporting Authority (ACARA) on the same days across Australia in any given year and students perform the same tests nationwide. The NAPLAN data is linked with LSAC using an individual identification code so that we can use all other socio-demographic variables available data in LSAC. The linked NAPLAN data are available for children surveyed by LSAC in Waves 2, 3 and 4. One of the advantages of the NAPLAN test is that it is an objective measure of child educational attainment unlike most used in previous literature. Most of the existing literature (see, for example, Johnston et al. 2014a ) in this field used either teachers' or parents' reported measure of child educational attainment. Teacher and parental-reported measures of child educational outcomes are likely to be inconsistent. For example, Johnston et al. (2014a) reported that the measures of child mental health differ significantly across assessors (parent, teacher and child). Johnston et al. (2014a) also found that teachers report mental health of children from low-income household more harshly than the child and her parent. Therefore, teachers' and parents' reporting of child educational measurement could vary significantly. Further, teachers' or parents' reporting may be influenced by a child's mental state (Burgess and Greaves 2013) . Teachers may confuse mental health with slow educational progress.
As NAPLAN is an Australian standardised test, it may be difficult to compare with internationally recognised educational measures. Therefore, we have also used internationally comparable measures of educational outcome available in LSAC Data. These are: (1) PPVT (available in Waves 1-3); and (2) Matrix Reasoning (available in Waves 2-4), which are interviewer-administered tests.
Independent Variables
Among all independent variables, mental disorder of children is our main variable of interest. To measure mental health/disorder of the children, we use five SDQ scores available in LSAC: the Emotional Symptoms Scale, Conduct Problems Scale, Hyperactivity Scale, Peer Problems Scale and the Pro-social Scale.
1 SDQ scores are widely used in the literature to measure child's mental health (see for example, Johnston et al. 2014a, b; Khanam and Nghiem 2016) . These measures were calculated as the sum of responses to five questions assessing children's behaviour and feelings in a 3-point scale (1 = not true, 2 = somewhat true, 3 = certainly true) in LSAC (see, for example, Muris et al. 2003 , for more details). Higher SDQ scores indicate poor mental health except for the pro-social scale, for which a higher score indicates better mental health. We also include the total SDQ score, which is the sum of all SDQ scores, except pro-social. Higher pro-social scores and lower total SDQ scores indicate better behaviour.
Controls for the characteristics of children include age, sex, whether English is spoken at home, Aboriginal and Torres Strait Islander (ATSI) status, whether the child has low birth weight (below 2500 grammes) and whether the child is a first-born in the family. Household characteristics included are the logarithm of total household income, age, education and mental health status of parents. Finally, we control for the characteristics of the neighbourhood: an index of neighbourhood facilities, percentage of people who have completed year 12, currently employed or speak English in the neighbourhood.
Descriptive Statistics
The descriptive statistics (see Table 1 ) show that the number of observations is much lower for PPVT (available in Waves 1-3 only) and matrix reasoning (MR), which are available only in the first four waves. NAPLAN tests scores are only available for Waves 2-4 and the mean results of most test subjects are around 500 (out of 1000). While the Table 1 Descriptive statistics a Mean of 5-point Liker scale questions (1 = never, 5 = always) about the frequency of showing affection (e.g., hug) children and express happiness to children b Parental depression scale (mental health) is measured using six questions about the frequency of feeling: nervousness, hopeless, restless, sadness, worthless and lack of energy. In particular, the questions are "In the past 4 weeks about how often did you feel…": (1) nervous?; (2) hopeless?; (3) restless or fidgety?; (4) that everything was an effort?; (5) so sad that nothing could cheer you up?; (6) worthless? The responses are recoded in 5-point Liker scale: 1 = depressed all the time, 5 = not depressed at all. The final variable was constructed from the mean of responses to these questions, which takes values from 1 (highly depressed) to 5 (no depression) c Average of 4-point Likert scale (1 = strongly agree, 4 = strongly disagree) questions about the ability to access affordable, regular public transport, basic shopping facilities, and services such as banks, medical clinics, etc. in the neighbourhood distributions of most educational outcomes seem normal, the distribution of mental health indicators are more skewed, which is as expected because the proportion of children with mental health issues is small (see Fig. 1 ). Most children have higher scores on the positive indicator (pro-social) and lower scores on "problem" indicators (hyperactivity, emotional problems, conduct problems and peer problems). On average, each household in the sample earns $80,000 per year. The minimum value of $26 was a clear outlier as no family can survive with that level of income. It is possible that these families did not report transfers they received from welfare programs. The average age of mothers and fathers when the child was born are 30 and 32 years respectively. Only 53% of fathers reported to have completed year 12 while the respective figure of mothers is 61%. However, there are significantly more missing data on education of fathers than that of mothers. The physical and mental health and parenting style of both parents are quite similar. Most households live in a neighbourhood with good facility with 46% of the population having completed Year 12 education and 86% of them speaking English. Only 3% of children in the sample are from ATSI background and 6% of children were born with lower birth weight than 2500 grammes. Given the fertility rate of around two children per woman (ABS 2014), it seems surprising that 80% (rather than around 50%) of children in the sample were first-borns. One possible reason is that the initial sample targeted children aged 4-5 years, and therefore, their parents were relatively young such that most of the children were first-borns. Please note that the age of these children range from 4 to 14 years, which suggests that LSAC started collecting data of these children when they were around 4 years old (as they are now 14 years old in Wave 5).
In the analysis we standardise all educational outcomes and mental health indicators for the ease of interpretation (i.e., marginal effects of one standard deviation). In addition, the positive measure (i.e., pro-social scale) was reversely coded so that they can be interpreted as mental health issues (i.e., it can be interpreted as anti-social).
We also observe strong and positive inter-temporal correlations of behavioural and emotional health indicators. One standard deviation (SD) increase in any behavioural and emotional problems in the current period is associated with 0.4-0.5 SD increase in the following period (the correlation coefficients for individual indicators are not reported for brevity but can be made available from the authors upon request).
Behavioural and Emotional Problems and Educational Outcomes
The lowess plots of relationship between mental health indicators and educational outcomes in Fig. 1 shows a clear negative association between mental health indicators and educational outcomes. The slopes of the lowess plots show that educational outcomes were affected most in children with conduct problems and hyperactivity. With the exception of matrix reasoning, the relationships between remaining mental health indicators (pro-social, emotional problems, peer problems) with educational outcomes are less clear but note that these plots do not control for any covariates.
Results and Discussions
Main Results
The main parameters estimated using a dynamic specification (Eq. 1) are presented in Table 2 . Note that we reversely code positive mental health indicator (pro-social) in the analysis so that it will have the same interpretation as other "problem" indicators. Most educational outcomes of Table 2 Effects of behavioural and emotional problems on educational outcomes (GMM estimator) Standard errors are in parentheses. Parameters of other covariates are skipped for brevity ***, ** and * represent significant levels of 1, 5 and 10%, respectively. Two-step system GMM estimators were employed using the level and lags (from 1st to 3rd) of exogenous independent variables (e.g., sex, ethnic and neighbourhood characteristics) as instrumental variables for endogenous variables (e.g., household income, behavioural indicators). Each cell in this table was obtained from a separate regression. Thus, the table is a summary of 42 regressions. All 42 regressions satisfied basic test such as the Sargan test for over-identification, the Hansen test for exogeneity of instrument, and the F-test for join significant of determinants, etc. We do not report these tests and other parameters for brevity, however it can be obtained from the authors upon request children (with the exception of PPVT) are affected negatively by some mental health conditions. The most influential mental health indicator is emotional problems, which significantly affects all selected educational outcomes other than PPVT. One standard deviation (SD) increase in this problem is associated with 0.05 SD reduction in NAPLAN reading, writing and spelling; 0.04 SD reduction in matrix reasoning and NAPLAN test for grammar; and 0.03 SD reduction in NAPLAN numeracy. The reason for emotional problems not significantly affecting PPVT could be that PPVT tests were done for children aged 10 or under, for whom emotional problems may not be an issue. Hyperactivity is also negatively associated with educational outcomes but the relationship is only significant for matrix reasoning and NAPLAN reading. One SD increase in hyperactivity is associated with 0.07 SD reduction in matrix reasoning and 0.09 SD reduction in NAPLAN reading. Conduct problems, peer problems and poor social skills do not significantly affect any of the selected educational outcomes. This finding seems to contradict with Fig. 1 where conduct problems consistently have a negative association with educational outcomes. However, Fig. 1 does not control for any covariates and the lag outcome. Indeed, the detailed results show that lag outcome is the most significant determinant of the current outcomes with the substantial magnitudes (see Table 3 ). Thus, ignoring this variable could result in an overestimation of mental health effects. This finding confirms the knowledge accumulation theory by Cunha and Heckman (2007) that current stock of knowledge is built upon past knowledge. One standard deviation (SD) increase in educational outcomes in the previous period is associated with 0.2-0.5 SD improvement of outcome in the current period (Table. 4) . Among other covariates, sex of the child, whether English spoken at home, parental education, number of books at home and the percentage of people who completed Year . Surprisingly, children in households that speak English at home perform worse in most outcomes with the exception of PPVT (higher by 0.06-0.07 SD) and NAPLAN reading (not significant). Children born to parents with year 12 education achieved higher scores in all educational outcomes with the marginal effects ranging from 0.07 to 0.18 SD, which may be due to the effects of family trait. The number of children's books at home is positively associated with higher educational outcomes at the magnitude of 0.03-0.07 SD, which represents effects of parental investment. The socio-economic status of the neighbourhood, proxies by the percentage of people who completed year 12, is also a significant determinant of all educational outcomes at the marginal effects of 0.02-0.09 SD. The effects of other factors such as household income, indigenous status, age of mother and father when the child was born, parenting style, household size and low birth weight are not consistent. For example, although low birth weight children achieved lower PPVT scores by 0.07 SD; their scores in matrix reasoning are not significantly different from that of other children.
The Extended Random Effects
The extended random effects estimators show more conclusive results: all mental health indicators are significantly associated with lower test scores. The most substantial difference, compared with the GMM results, is that conduct problems become a significant determinant of educational outcomes. Together with the consistent result of hyperactivity, the significant effects of conduct problems suggest that "externalising" mental health problems have the most detrimental effects on educational outcomes. However, the significant effects of the remaining mental health indicators are not consistent across educational outcomes. For example, children with poor social skills achieved lower scores in PPVT, matrix reasoning and NAPLAN writing. Among other covariates, the effects of parental education and lag outcome are the most consistent finding between results of the extended random-effects estimator and that of the GMM estimator. Children born to parents who completed year 12 education achieved higher scores in all educational indicators. In addition, those who achieved higher outcomes in the past period by one SD also significantly achieve higher score in the current period by 0.3-0.7 SD.
For comparison purpose, we also estimate the standard random effects model to Eq. 1 and find a similar result to that of the Mundlak estimator with negligible differences on the magnitude of parameters (detailed results can be made available from the authors upon request). This result suggests that our choice of comprehensive independent variables is sufficient to control for unobserved individual characteristics. Thus, our main contribution in this paper remains the dynamic specification of the relationship.
Is There a Mental Health-Educational Outcome Gradient?
In this section we will explore whether the effects of child mental health on educational performance increases/ decreases over time. We explore this mental health-educational outcome gradient by examining a simple crosssectional relationship for each wave as follows:
Equation (3) is estimated by OLS in waves 2-4 (i.e., children aged 6-7 to 10-11) for educational outcomes. We did not find consistent trends in the movement of the mental health parameters (see Table 5 ). Moreover, even OLS results show that mental health is not always a significant determinant of educational outcomes. For example, results for children aged 10-11 show that poor social skills have no significant effects on educational outcomes but coefficients of hyperactivity increase for children aged 8-9 years then decrease for children aged 10-11 years. The coefficients of emotional problems show an increasing trend with age (except for grammar scores), as emotional problems tend to increase with age, particularly until the teenage years.
Conclusions
This study has examined the effects of mental health (measured by behavioural and emotional problems) on educational outcomes of Australian children using multiple rounds of longitudinal data from LSAC. We have used a system GMM method to account for the potential endogeneity of mental disorder and unobserved heterogeneity, and the extended random-effects estimator proposed by Mundlak (1978) for the sensitivity test. As expected, we find that poor mental health is associated with lower educational outcomes and poor academic performance. Results from the GMM estimator show much lower effects of mental health on educational outcome than extended random effects estimates. Parental education, English speaking household, number of books at home and percentage of people with year 12 education in (3) Edu i = 0 + 1 MD i + 2 X i + i the neighbourhood appear to be significant determinants of child educational outcomes. Our results further reveal that failure to empirically accommodate the knowledge accumulation theory of Heckman (2006) and Cunha et al. (2010) , can lead to overestimation of the effects of mental health on educational outcomes of children. We also check whether the relationship between child mental disorder and education increases or decreases with age. However, we have not found any consistent trends in the relationship between child mental disorder and educational outcome, except for emotional problems, for which the relationship increases with child age.
